Blood pressure measurement is a significant part of preventive healthcare and has been widely used in clinical risk and disease management. However, conventional measurement does not provide continuous monitoring and sometimes is inconvenient with a cuff. In addition to the traditional cuff-based blood pressure measurement methods, some researchers have developed various cuff-less and noninvasive blood pressure monitoring methods based on Pulse Transit Time (PTT). Some emerging methods have employed features of either photoplethysmogram (PPG) or electrocardiogram (ECG) signals, although no studies to our knowledge have employed the combined features from both PPG and ECG signals. Therefore this study aims to investigate the performance of a predictive, machine learning blood pressure monitoring system using both PPG and ECG signals. It validates that the employment of the combination of PPG and ECG signals has improved the accuracy of the blood pressure estimation, compared with previously reported results based on PPG signal only.
Introduction
Blood pressure is an important indicator in healthcare. It has been widely recognized as a useful metric for the improvement of survival rates of patients and the prevention of cardiovascular diseases. There are two main reasons for the increased attention towards the blood pressure monitoring. Firstly, there is an increased need for continuous blood pressure measurement [1] , because hypertension is dangerous and its detection rate is low, particularly where there is a resource scarcity [2, 3] . Secondly, modern science and innovative technologies have brought about a revolution in many interdisciplinary research areas related to healthcare, such as miniaturized wearable devices, artificial intelligence, and smart mobile phones for medical care purposes [4] . These factors have promoted the development and adoption of ubiquitous blood pressure measurement and monitoring.
Hypertension is called the 'silent killer' because most hypertension patients are not aware of their condition or the organ damage it causes [5] . Therefore, continuous blood pressure measurement is very important in modern medicine. Traditional measurement methods can be divided into invasive and non-invasive methods. Invasive blood pressure measurement includes catheterization; non-invasive methods include auscultation, oscillometry, volume clamping, and tonometry [6] . Invasive methods include significant drawbacks such as vein collapse in the elderly and secondary infections, while non-invasive methods require cuffs or expensive hardware. All of these methods depend on manual operation. Many researchers, therefore, are trying to find noninvasive, cuff-less and continuous ways to predict blood pressure values.
One possible non-invasive, cuff-less and continuous way to access the blood pressure is to measure the Pulse Transit Time (PTT) by calculating the time difference between the peaks of electrocardiogram (ECG) and photoplethysmogram (PPG) signals within one heartbeat. The PTT method is principled on the theory that the velocity of pulse waves propagating along the arterial tree depends on the value of blood pressure [7] . Once processed, PTT data displays an inverse relationship with blood pressure values. Various approximations of this relationship have been proposed, such as linear, logarithmic and exponential [8] . In addition to the PTT methods, previously reported studies have also tried to extract features from either PPG or ECG signal to predict blood pressure [9] [10] [11] [12] [13] [14] [15] . However, to the best of our knowledge, there is no report employing features from both PPG and ECG signals.
This study aims to explore whether the combination of PTT with both PPG and ECG features can improve the accuracy of the prediction of blood pressure, compared with a study based on the combination of PTT with PPG features only [16] . Fig. 1 Flowchart of the proposed approach for blood pressure estimation using features from both ECG and PPG signals
Methodology
The implemented flowchart is shown in Fig.1 , containing two main phases -data collection and signal analysis. In the feature extraction phase, both time and frequency domain features from both ECG and PPG signals were extracted. After that, the datasets were divided into two groups, with 70% for training and 30% for testing. Finally, the projected blood pressure values were compared with conventional measurement readings, both with and without the inclusion of ECG features.
Data collection
Three types of data were collected in the lab simultaneously: ECG signal, PPG signal and sphygmomanometer blood pressure values. ECG signal was collected from surface electrodes adhered to subjects' skin, meanwhile, PPG signal was measured from a NeXus-10 Mark II biofeedback monitor. The sampling frequency for the data acquisition was 256 samples/second. The length of the recordings ranged from 14 seconds to more than 1 minute. In the experiment, 137 datasets were collected from 14 people under various scenarios after different levels of exercise. However, a few datasets were invalid as they either failed to record certain signals (e.g. missing certain blood pressure values) or included outliers. After screening the results, 129 datasets were reserved for next step of signal pre-processing. These datasets contained complete ECG, PPG, and systolic and diastolic blood pressure values. The blood pressure distribution histograms of the remaining datasets are shown in Fig 2. Diastolic blood pressure ranges from 53 mmHg to 108 mmHg and systolic blood pressure from 97 mmHg to 148 mmHg. Because the subjects were required to do different levels of exercise, the measured blood pressure range was relatively large, which could help to demonstrate the robustness of the blood pressure prediction results.
Pre-processing
Because the shortest duration for the recording of both ECG and PPG signals was 14 seconds, 10 seconds of the duration of each signal was selected, starting from the 5 th second, so as to eliminate the possible disturbance at the beginning of each recording.
For the ECG signal, the 4th Butterworth bandpass filter of 0.5-40 Hz was used to remove noise [17] . For the PPG signal, the 4th Chebyshev II bandpass filter of 0.5-10 Hz was adopted to improve the signal quality index (SQI) [18] .
Consequently, the ECG and PPG signals were normalized, and one period were selected according to the maximal correlation value of the neighboring periods. In signal processing, an autoregressive (AR) model can represent a type of random process and it indicates that the output variable depends linearly on its own previous values (each having a coefficient) and on a stochastic term. Eight orders of coefficients were calculated and used as features [19] . Multifractal wavelet leader estimates of the second cumulant of the scaling exponents and the range of Holder exponents, or singularity spectrum were used as features from ECG and PPG signals [20] . Shannon entropy (SE) values for the maximal overlap discrete wavelet packet transform at level 5 [21] and signal mobility and signal complexity were calculated by using the Hjorth parameters method [13] .
Feature extraction

Machine learning
In this study, two machine learning models were chosen to predict the blood pressure values: Lasso regression and support vector machine (SVM). The aim of this study is to investigate whether the inclusion of ECG features can improve the accuracy of prediction of the continuous, noninvasive blood pressure. After the feature extraction, 129 groups of datasets were divided into two sub-datasets. 70% of the datasets were used for training the machine learning models while 30% of the datasets were for the models' testing. Models were established to estimate systolic blood pressure and diastolic blood pressure separately, both with and without ECG features. The mean absolute error (MAE) and standard deviation (STD) of estimation errors were used to evaluate the models after training.
Results
The results from two different regression approaches described above are presented in Tables 2 and 3 . Table 2 demonstrates the prediction of the diastolic blood pressures, including and excluding ECG signal features. In both the Lasso regression and the SVM, the inclusion of the ECG features can improve the performance of the models, although the improvement is not significant. Furthermore, comparing the Lasso regression with the SVM, it can be seen that the SVM has smaller MAE and STD values. Table 3 , it is evident that inclusion of ECG features leads to a slightly better predictive performance for systolic blood pressure compared with the case of excluding ECG features. Overall, the performance of the SVM is better than that of the Lasso regression. Other cuff-less blood pressure estimation designs in literature, such as using PTT alone to predict blood pressure, suffer from different drawbacks such as requiring calibration for each person. Table 4 gives continuous, cuff-less blood pressure measurement method results obtained by Kachuee et al. in 2015 [16] . In their research, blood pressure was estimated by extracting several morphological features from the PPG signal, and then applying signal processing and machine learning algorithms. Features from ECG signals were not included and the results were shown in Table 4 , which can be compared with the results from this study listed in Table 2 and 3. The overall results of this study are much more accurate than these obtained by Kachuee et al. Here the criteria of comparison is based on the values of deviations of the predicted results from the results that meet the Association for the Advancement of Medical Instrumentation (AAMI) (MAE is ± 5 mmHg and STD within 8 mmHg) and British Hypertension Society (BHS) standards [22] . As a result, the inclusion of ECG signal can indeed improve the prediction accuracy of blood pressure. 
Conclusion
With widespread and growing hypertension, developing a cuff-less and continuous blood pressure measurement system is vital to human health. The proposed method in this paper establishes a cuff-less, continuous, and non-invasive blood pressure measurement method which makes this goal achievable. A novel method has been established in this study to carry out continuous and cuff-less blood pressure estimation with features extracted from both ECG and PPG signals. This has been validated by the use of two machine learning models, the Lasso regression and the SVM. The results are compared with other blood pressure prediction work reported in literature. In conclusion, the inclusion of ECG features can indeed improve the performance of blood pressure estimation. Further, the frequency domain features extracted in this study are different from these used in earlier studies [14, 23, 24] , which are generally based on morphological or time domain parameters. Additional analysis of these frequency features may lead to new understandings in cardiovascular health.
